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I. Introduction and Motivation
Many recent high-quality contingent valuation surveys elicit information about Willingness to Pay (WTP) by asking dichotomous-choice (DC) questions. 4 Respondents are asked whether or not they would buy the good if its cost was $X, or whether they would vote in favor or against the proposed public program in a referendum on a ballot if implementing it cost $X to the household, usually in the form of higher taxes. In this way, the respondent's exact WTP amount is not directly observed, and all we do know is whether it is greater than the bid amount ("yes") or less than the bid amount ("no").
To refine information about WTP, it is possible to ask a dichotomous choice follow-up question (Hanemann et al., 1991) . Specifically, respondents who answer "yes"
("no") to the initial payment question are asked whether they would be willing to pay if the cost was $Y, where Y>X (Y<X). The responses to the initial and follow-up questions are combined to form narrower intervals around the respondent's WTP, improving the efficiency of the estimates of WTP (Hanemann et al., 1991) . Implicit in this approachcommonly dubbed "double-bounded" (DB)-is the assumption that an individual's responses to the initial and follow-up dichotomous-choice payment question are driven by the same WTP amount, which remains unobserved. WTP amounts are drawn from a distribution over the population and vary across individuals.
Although many contingent valuation (CV) practitioners continue to implement surveys with dichotomous choice questions and follow-ups, and to fit double-bounded 4 Contingent valuation is a frequently used approach for placing a value on goods that are not traded in markets. Prominent examples of these goods include improvements in environmental quality, other public goods, ecosystem health, and risks to human health. In a contingent valuation study, individuals are asked to report information about their willingness to pay to obtain (or to avoid the loss of) the good to be valued. The good is specified in a hypothetical scenario, and no actual transaction takes place. models, over the last decade researchers have examined this approach's potential for undesirable response effects (see section 2).
In this paper, we focus on one such effect, namely starting point bias. It is possible that when follow-up questions are used, respondents may "anchor" the value they place on the policy on the bid amounts proposed to them in the initial and/or subsequent payment questions. The latter problem is usually termed "starting-point bias"
and a possible mechanism for it within a dichotomous-choice format is proposed by Herriges and Shogren (1996) . 5 Specifically, Herriges and Shogren formulate a model where the WTP amount driving the response to the follow-up payment question is a weighted average of the first latent WTP and the initial bids. Variants on Herriges and
Shogren include Aprahamian et al. (2004) , who treat the anchoring parameter as a random coefficient drawn from a specified distribution, and Lechner et al. (2003) , who assume that even the first WTP amount of the respondent is influenced by the initial bid.
Most recently, the Herriges and Shogren mechanism has been combined with yea-saying by Chien et al. (2005) , who represent the latter using an additional error term that follows the half-normal distribution and is folded with the regular econometric error into a compound distribution. 6 In empirical work, it is common to test for the presence of starting point bias by (i) including in the right-hand side of the double-bounded model dummy variables for the bid set assigned to the respondent, and then (ii) testing the null hypothesis that the 5 Starting point bias was suspected to affect responses to iterative bidding CV payment questions, which were first introduced by Randall et al. (1974) . Boyle et al. (1985) , for example, include the initial bid amount in the right-hand side of their WTP equation, where the dependent variable is the final WTP amount announced by the respondent. A significant coefficient on the initial bid variable is interpreted as evidence of starting point bias. 6 See Johnson et al. (1994) for details about the half-normal distribution.
coefficients on these dummies are jointly equal to zero (Whittington et al., 1990; Green and Tunstall, 1991; Cameron and Quiggin, 1994 , and most recently Chien et al., 2005) .
In this paper, we examine four related issues pertaining to starting point bias. To elaborate on the third question, we suspect that in some cases what has been interpreted by the researcher as evidence of anchoring to the initial bids is simply an artifact due to misspecification of the econometric model and/or the poor choice of distribution of WTP. In the case of the diagnostic test based on the use of bid set dummies, we suspect that the coefficients on these dummies may act as available free parameters, and absorb the effects of misspecifications of the econometric model or of the distribution of WTP, even though no starting point bias is present.
Because starting point bias cannot be separately identified in any reliable manner from biases caused by model specification, we use simulation approaches to address this issue. Hence, we conduct a series of Monte Carlo simulations to answer these questions.
We generate the latent WTP amounts from various distributions using two alternative starting point bias mechanisms, and model the responses using double-bounded models, which ignore starting point bias.
Our simulations suggest that the effect of ignoring starting point bias is complex, and depends on the true distribution of WTP and on the WTP statistic being estimated (mean WTP or the variance of WTP). We find that bid set dummies, which are used by many researchers to detect starting point bias, have only very modest power in detecting starting point bias. We find that the coefficients on these dummies tend to soak up misspecifications in the distribution assumed by the researcher for the latent WTP, so that the diagnostic test rejects the null too frequently, falsely pointing to starting point bias when the real problem is a poor distributional assumption.
The remainder of the paper is organized as follows. Section II discusses undesirable response effects that are possible when follow-up questions are used. In section III we present the starting point bias mechanism developed by Herriges and Shogren (1996) and a plausible variant on this model. In section IV, we present a commonly used test for the presence of starting point bias. We present the simulation study design in section V, and its results in section VI. Section VII concludes.
II. Possible Response Biases
In Double-Bounded Models. Cameron and Quiggin (1994) relax the assumption that the response to the initial and follow-up payments are driven by the same amount. They estimate alternative models that assume distinct, but correlated, WTP amounts for each DC payment question. To detect the presence of starting point bias they include dummy variables for the initial bids, concluding that constraining the distributional parameters to be identical and the correlation to be unity exacerbates starting point effects. Alberini et al. (1997) apply a random effects model to DB contingent valuation data allowing for differing mean WTP across the initial and follow-up questions because respondents may become "confused about how much they will have to pay or what they will actually get" (p. 311) as the survey proceeds. They reason that follow-up questions may induce respondents to effectively substitute the program or policy described in the scenario with another program or policy package that has different characteristics, and to form a new, systematically different WTP value that reflects the attributes of the new program. Using data from the San Joaquin Valley wetlands study (Hanemann et al., 1991) , the study on the Kakadu Conservation Zone in Australia (Carson et al., 1994) and the Alaska survey to estimate the loss of passive-use values for Prince William sound resulting from the Exxon-Valdez oil spill of 1989 (Carson et al., 1992) , they find that follow-up questions resulted in a systematic downward shift in median WTP in the Alaska study, while in the other studies the structural shift is negative but not statistically significant at the conventional levels.
DeShazo (2002) considers alternative mental models-such as prospect theory Tversky, 1979, and Kahneman, 1991) , which implies forming a reference point-and starting point bias, and predicts the probability of "yes"/"no" responses to the follow-up questions implied by these models. For example, prospect theory implies that the probability of a respondent answering "yes" to a followup question from an ascending sequence is less than the probability of a respondent answering "yes" to the same value presented in an initial valuation question. By contrast, if anchoring occurs, respondents who are assigned the ascending sequence will anchor on the lower value, while respondents who are assigned the descending sequence will anchor on the higher value. (By ascending sequence, we mean a follow-up dollar amount that is greater than the initial bid because the respondent answered "yes" to the first payment question. The term "descending sequence" refers to the opposite situation.) Carson et al. (2000) examine response effects that result in violations of the assumption that the responses to all payment questions are driven by the same WTP amount. Respondents, Carson et al. argue, may (i) take the second price as the expected price but consider the cost of the program to be somewhat uncertain, (ii) take a weighted average between the two prices, (iii) adjust the quantity of the good to match the change in price, 7 or (iv) enter in a bargaining mode. Burton et al. (2003) use experiments to empirically discriminate between hypotheses (i) and (ii).
III. Models of Starting Point Bias
Dichotomous-choice contingent valuation assumes that the "yes" or "no" responses to the payment questions are determined by comparing the respondent's WTP amount with the bids assigned to him. In DC CV surveys with a DC follow-up question, the responses to the payment questions are used to construct an interval around each respondent's unobserved WTP amount. Assuming, for example, that respondent i's WTP is normally distributed with mean and variance , this respondent's contribution to the likelihood function is:
Evidence from focus groups suggests that people that answer "yes" to the initial payment question expect the government to be capable of providing the public program at the cost stated to them in the initial question. Higher cost amounts, therefore, are sometimes interpreted to imply government waste. Likewise, people who initially answered "no" may suspect that in the follow-up question the public program being valued is a scaled down version of the initially described program.
where and are the lower and upper bound, respectively, of the interval around the respondent's unobserved true WTP amount.
and the parameters are estimated by the method of maximum likelihood.
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If starting point bias is present, the bid amounts influence the response to a payment question in two ways: (i) by affecting directly WTP, and (ii) through the comparison between WTP (which is already affected by the bid) and the bid. Herriges and Shogren (1996) propose the following mechanism for starting point bias. Assume that when first faced with a dichotomous-choice question, an individual compares the initial bid, B 1 , with his WTP amount, WTP 1i . The latter is a draw from the population distribution of WTP, and the answer to the payment question is "yes" ("in favor") if WTP 1i exceeds B 1 , and "no" ("against") otherwise. Based on these considerations, we would expect conventional double-bounded models to produce biased estimates of WTP if the average of the initial bids is different from mean WTP. We would also expect them to underestimate the variance of WTP, since they will tend to capture an average of the variances of WTP 1 and WTP 2 , and the latter is less than the former. Because the variance of WTP enters in the computation of the standard errors around the estimate of mean WTP, this has potentially important implications for statistical inference about WTP and its use in policy contexts.
In this paper, we generate data following the Herriges and Shogren mechanism, but we estimate double-bounded models (which ignore the presence of anchoring), and examine the consequences of doing so on the estimates of mean WTP and variance of WTP. Our work differs from earlier studies in that (i) when using the Herriges-Shogren approach, we consider WTP distributions other than the normal, (ii) we examine the effects of using different bid sets, and (iii) we check the size and power of a commonly used diagnostic test for anchoring.
In addition, (iv), we study (ii) and (iii) after introducing an amendment to the Herriges and Shogren that, in our opinion, reflects a realistic response effect induced by the follow-up payment question. We reason that while respondents might treat the initial bid as providing information about the value of the policy-as suggested by Herriges and
Shogren-the follow-up question may end up confusing them. In practice, this is one possible representation for the uncertainty about the cost of the program effect discussed in Carson et al. (2000) . We therefore amend equation (4) IV. Detecting Starting Point Bias. Whittington et al. (1991) , Green and Tunstall (1991) , Cameron and Quiggin (1994) and Chien et al. (2005) include bid set dummies among the regressors of the double-bounded model to capture starting point effects.
11 This approach is an extension to dichotomous-data model of an approach previously used with WTP responses on a continuous scale elicited through open-ended questions (Boyle et al.,1985) .
11 By bid set dummies, we mean a set of dummies where the first takes on a value of one if the respondent was assigned to the first bid set used in the survey and 0 otherwise, etc.
Letting δ be the vector of coefficients on the bid set dummies, one tests the null hypothesis that δ=0 (no anchoring) against the alternative that at least one of the elements in δ is different from 0. Rejection of the null is interpreted as evidence of anchoring.
Because the parameters of the model are estimated using the method of maximum likelihood, any one of the three classical tests-the Wald, likelihood ratio, or score testcan be used. Under relatively mild regularity assumptions, under the null the three statistics are each distributed as a chi square with m=dim(δ) degrees of freedom, and are thus asymptotically equivalent.
In this paper, we use the Wald statistic, which is calculated as
where δ is the vector of coefficients on the bid set dummies estimated from the augmented double-bounded model, and V is the block of the information matrix for all parameters corresponding to the coefficients on the bid set dummies. V is, therefore, an m×m matrix. As mentioned, for large sample size and under the null, the test statistic w is distributed as a chi square with m degrees of freedom. Failure to reject the null implies that there is no evidence of anchoring on the bid amounts.
ˆ

V. Study Design
To answer our research questions, we conducted a series of Monte Carlo simulations. We ran a total of four sets of simulations. Each simulation set is comprised of 15 experiments (5 values of γ × 3 bid designs). 12 In each experiment, the number of replications is 1000 and in each replication the sample size is 1000. Our study design is summarized in table 1. and binary indicators corresponding to "yes" or "no" responses to the payment questions are created by comparing the draw with its assigned bid value and appropriate follow-up bid amount.
All simulations fit normal likelihood function, but we assume different distributions (normal, Weibull, and lognormal) for true WTP in different simulation sets.
Simulation set I, III and IV adopt the Herriges-Shogren anchoring mechanism (equations (1) and (4)). By contrast, in simulation set II we use our amendment to the HerrigesShogren model (equation (5)), but assume that true distribution is normal, so that we can compare the results of these runs with those of simulation set I. In simulation set II, we assume that ε and e are uncorrelated; however, it is easily shown that WTP 1 and WTP 2 are correlated, since they both contain ε. In sum, WTP 1 and WTP 2 are jointly normally distributed.
Simulation set II is repeated under two alternative values for 2
σ , where , namely 3 and 20, where the latter signifies a situation where respondent confusion is more pronounced.
To make all simulation sets comparable as we vary the distribution of WTP, we choose the parameters of the distribution of WTP so that its expected value (mean WTP) is 10 and its variance 100. 13 We use a total of three bid sets. Each is comprised of 5 initial bid amounts and their corresponding high and low follow-up bids. As before, it is important that the bid amounts be comparable across different WTP distributions, so we choose our bid sets to correspond to specified percentiles of the distribution of WTP, as shown in table 2. (This means that the actual bid amounts differ across simulation sets to mirror the different distributions we assume for WTP. We remind the reader that the percentile is 1 minus the probability of answering "yes" to that bid amount.) The artificial draws from the WTP distribution are evenly divided among the five possible bid sets. In the base bid set, the initial bid values cover the 18th-69th percentile.
The bid set labeled "upper tail" covers the 18th to 93th percentiles, while the bid set labeled "lower tail" is skewed towards the lower tail of the distribution of WTP and fails to cover the right tail of the distribution of WTP. When the distribution of WTP is a normal, the average of the initial bids for the base, upper tail, and lower tail designs is 8.6, 11.2 and 4, respectively.
Earlier research (Alberini, 1995; Kanninen, 1991, and Cooper, 1993) shows that when the distribution of WTP is symmetric, an unbalanced bid design (i.e., one that places more bids and/or respondents on side of the distribution, or farther away from the mean) tends to result in inefficient, but unbiased, estimates of mean WTP. 14 However, with right-skewed distributions of WTP the estimate of mean WTP depends crucially on "nailing down" the upper tail of distribution, a task that can be accomplished only by querying respondents about their willingness to pay relatively large bid amounts. At such large bid amounts, a large fraction of the respondents are expected to answer "no" to the payment question. 15 These considerations suggest that with right-skewed distributions we would expect the "upper tail" design to perform best, and the "lower tail" design to result in less efficient, and potentially unstable, estimates of mean WTP. The follow-up amounts are double or half of the initial amount.
We use a total 5 values for γ, the anchoring parameter: 0, which means that there is no anchoring, then 0.3, 0.5, 0.7, and 0.9, which imply levels of anchoring ranging from mild to severe. For each artificial data generation, we fit two double-bounded intervaldata likelihood functions, both of which assume that WTP is a normal variate. The first is the regular double-bounded model (with no individual characteristics), which is used to establish the seriousness of the biases (if any) of the estimates of mean and variance 14 Efficiency goals with respect to estimating mean WTP are sometimes in conflict with doing a good job estimating the variance of WTP: a compromise can be reached when choosing the bid amounts, for example, by adopting the d-optimality design criterion (Kanninen, 1991) . 15 This is again a situation where statistical estimation needs may be in conflict with a realistic scenario. If the bid amount is perceived to be unrealistically large for the good described in the questionnaire, the respondent may question the credibility of the exercise and provide unreliable responses.
WTP. In the second double-bounded model, the likelihood function is amended to include dummies for the bid set. 16 Since there are a total of five bid sets, we include four bid set dummies, and we compute the Wald statistics for the null that the coefficients on the bid dummies are all equal to zero.
VI. Results
We use two criteria to examine the performance of double-bounded models in the presence of starting point bias. The first is the relative bias of mean WTP, and the second is the relative bias of the standard deviation of WTP, σ(WTP Panels (d) and (e) confirm that when the wrong distribution is used, and anchoring is present but ignored, the estimates of σ(WTP) are biased. As before, the biases depend on the bid design, but for a given bid design they do not depend on the severity of the anchoring. The biases can be very pronounced: in our examples, the true σ(WTP) may be underestimated by over 50%. it if the upper tail bid design is used. We had expected the relative frequency of rejections to increase with γ, but this expectation is not borne out in the results: rejections occur in 5-6 percent of the replications, regardless of the value of γ, and do not appear to depend in any predictable way on the bid design. We believe that this is due to the fact that the estimate of μ adjusts accordingly. We did not detect any particular patterns in the estimated coefficients on the bid dummies.
The results are similar when we introduce an error term to capture respondent confusion, as we do in simulation set II. Changing the variance of this term does not change much the percentage of rejections.
In simulation set III, the true distribution is a Weibull, but we fit a normal doublebounded model and ignore anchoring. If anchoring is absent (γ=0), the relative frequency of the rejections does vary with the bid design used, and ranges from 11 to 26%. This means that the diagnostic test must be picking up the effect of a poor distributional assumption. We note three interesting findings at this point. First, the most frequent rejections occur with the bid design that tracks the upper tail of the distribution. Second, the percentage of rejections are insensitive to the value of γ, the anchoring parameter, in the sense that they do not exhibit a clear trend as γ increases. Third, the power of the test when γ is greater than zero is rather modest, as it never exceeds 24%.
Results for the lognormal distribution (simulation set IV) are qualitatively similar to those for the Weibull. When γ =0, the empirical size of the Wald test slightly exceeds the nominal size of the test for all designs, especially the upper tail and lower tail designs.
In these cases, the empirical frequency of rejection of the null is 7-15 percent against a nominal size of 5 percent. Little change is seen when γ increases for a given bid design.
We conclude that in this simulation set the Wald test exhibited limited power in picking up either anchoring or the poor distributional assumption. 
VII. Conclusions
In this paper, we have focused on starting point bias (anchoring) in the dichotomous choice contingent valuation surveys with a dichotomous choice follow-up question. We have considered a mechanism that generates anchoring first developed by
Herriges and Shogren and frequently adopted in the literature, and have examined the effect of ignoring starting point bias and fitting double-bounded models.
Our results suggest that normally distributed double-bounded models may produce biased estimates of mean WTP and the standard deviation of WTP when anchoring is present, that these biases are more severe the stronger the anchoring is, and that the severity of the biases varies with the bid design used. A well-balanced, symmetric bid design may result in very modest biases even when the anchoring mechanism is very strong.
When the true WTP is not a normal variate, but a normal double-bounded model is estimated, the biases do not vary with the severity of the anchoring, and seem to depend primarily on the misspecification of the distribution. As before, the biases do depend on the bid design.
We also investigated the empirical size and power of a commonly used test for detecting the presence of starting point bias. This test consists of including bid set dummies in the right-hand side of the double-bounded model, and of testing the null that all bid set coefficients are equal to zero. We used a Wald test to test this hypothesis, but the other two classical tests (the likelihood ratio and score test) can be used interchangeably, since they are asymptotically equivalent to the Wald test.
We found that when the true distribution of WTP is a normal and the econometric model of the responses to the payment questions is a normal double-bounded, the test has very little power against the alternative even when the anchoring parameter is very high.
When the true distribution of WTP is a Weibull or a lognormal, but one fits a normal double-bounded model, depending on the bid design used, one may tend to reject the null hypothesis of no anchoring too frequently when anchoring is not present. The power of the Wald test is modest, and does not change much with the anchoring parameter γ.
Based on our findings, we caution researchers that the consequences of starting point biases are complex and depend on the underlying distribution of WTP. We also caution them that simple to implement diagnostic tests, such as the inclusion of bid set dummies in the right-hand side of double-bounded models of WTP, may be misleading.
We have found that tests of the null that the coefficients on these dummies are equal to zero may fail to reject the null when they should, or may tend to reject it even if no starting point bias is present, simply because the researcher did not use the correct distribution of WTP or the correct random utility model (RUM) in writing out the doublebounded models.
Unfortunately, it is difficult to come up with alternative approaches for detecting and correcting for anchoring unless the correct distribution of WTP or the correct RUM model are assumed, and one is prepared to make specific assumptions about the form of the anchoring. Semi-parametric, semi-nonparametric, and nonparametric models (reviewed in Cooper, 2002) , which alleviate the need for making assumptions regarding the distribution and/or the functional form of the RUM, cannot separately identify response biases from other forms of bias.
In principle, one can compare the relative frequency of "yes" or "no" responses to the same bid amount in groups of respondents that were assigned different bid sets. If the probability of a yes to $X as a starting bid is statistically the same as a probability of a yes to $X in the follow-ups (after converting the follow-up probability from a conditional to an unconditional probability), then the null hypothesis that there is no response bias cannot be rejected. However, even if bias is present, this approach cannot identify its form nor know which bound is associated with the most severe bias in the responses: all we can surmise when using such an approach is that the responses to the bid values are not consistent across the bounds.
In sum, unless one is prepared to make assumptions about the form of the bias, it cannot be corrected for. As we have suggested, without additional information beyond the responses to the bids themselves, econometric approaches to identifying and correcting for response bias do not appear to be fruitful. An alternative may be to use follow-up questions specifically pertaining to the respondent's views on being asked follow-up questions. Another approach that we deem worth investigating is to openly tell respondents in advance that there will be multiple bids to respond to, and that multiple bid response questions will be asked simply to get a more precise assessment of willingness to pay. We believe that this is a potentially promising area for future research. 
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